Abstract An ecosystem model representing the continental shelf of the East China Sea was fitted to a time series of data available from 1969 to 2000 using Ecopath with Ecosim. We used a process-oriented model to explore the extent to which changes in marine resources and the ecosystem were driven by trophic interactions and fishing activities. Fishing effort was used to drive the model, and observed catches were compared with the predicted catches in modeling. A reduction in the sum of the squared deviations of the observed and predicted catches was used as a metric for calibrating and assessing the goodness-of-fit of the model. Trophodynamic indicators were used to explore the ecosystem's structural and functional changes from 1969 to 2000. The model's predictions were consistent with observed catches for most functional groups. Trophodynamic indicators suggest a degradation pattern over time: both the mean trophic level of community and a modified version of Kempton's index of biodiversity decreased over the time, while the total flow to detritus and the loss of production due to fishing increased from 1969 to 2000. Additionally, the ratio of demersal/pelagic abundances decreased as a result of an overall decrease in the abundance of demersal species and increase in pelagic fish in the ecosystem.
Introduction
Fishing activities have altered and degraded marine ecosystems through both direct and indirect effects, and the continental shelves that contribute almost half of primary production on earth and sustain three-quarters of global fishery yields have been focal points of human settlement and marine resource use throughout history (Botsford et al. 1997; Myers and Worm 2003; Lotze et al. 2006 ). Ecosystem models are complimentary to single-species fisheries models in that they can potentially predict the otherwise unforeseen effects of trophic structure and interactions of population dynamics of different fish species (Christensen et al. 2005; Coll et al. 2006) . However, the high degree of complexity, extensive input data requirements, and large uncertainty associated with modeling have kept them from becoming a commonly used tool in stock assessment and fisheries management (Cury and Shannon 2004; Christensen et al. 2005; Fletcher et al. 2005; Coll et al. 2006) . How to deal with the uncertainty and make reasonable evaluation and prediction of fishing impacts for ecosystem-based management is still a challenge for the ecosystem modelers.
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Over the last few decades, East China Sea Shelf (ECSS) has sustained high stress from fishing and pollutions. The total catch and total fishing effort for commercial species have increased significantly (Zheng et al. 2003; Dai 2004; Cheng et al. 2006) . Because of prolonged and intense fishing pressure, we observed signs of ''fishing through the food web'' (Branch et al. 2010) in the ECSS ecosystem. Biodiversity has declined significantly (Cheng et al. 2006 ). In addition, most large traditional food fish become depleted, and catches are now dominated by small species with high turnover rates (Chao et al. 2005) . Moreover, algal blooms were observed more frequently, and the duration of blooming also became longer. Eutrophication resulting from rapid coastal development, industrialization and agricultural development has significant negative impacts on the ecosystem (Xu et al. 2006 ).
In the previous study (Li 2009 ), two static ecosystem models of ECSS in two different time periods (1969-1971 and 1998-2001) were constructed, and the characteristic of ecosystem development succession was identified by comparing the two different time period models. The models indicated a large decline in system biomass. Also, biomass and energy flows of the demersal groups reduced greatly from the 1970s to the 2000s, resulting in a shift from being a demersal dominated to a pelagic-dominated system, which has been observed in the composition of the catch consistently with the increasing percentage of landing of the pelagic fishes. In this paper, we simulated the long-term changes on ecosystem structure and functioning of the East China Sea Shelf ecosystem from 1969 to 2000 with the aims of (1) using a dynamic simulation method to evaluate the ecosystem development and the impacts of fishing in ECSS and (2) quantifying the uncertainty for vulnerabilities in Ecosim in evaluating alternative management strategies and evaluate the impacts on ecosystem modeling.
Materials and methods

Study site
The East China Sea that covers a total area of 750,000 square kilometers is a semi-closed sea lying between the eastern coast of China's mainland and the Pacific Ocean, bounded on the west by China, on the east by the Kyushu and the Ryukyu Islands of Japan, and on the north by Jechu Island of the Republic of Korea and the Yellow Sea, and connected with the South China Sea by the Taiwan Strait on the south (Fig. 1) .
The rich fishery resource of the East China Sea makes it the most important fishing ground in the East Asia and one of the most productive fishing grounds in the world (Cheng et al. 2006) . Hairtail (Trichiurus haumela), Small yellow croaker (Larimichthys polyactis), large yellow croaker (Pseudosciaena crocea) and cuttlefish (Loligo edulis Hoyle) are the traditional fishing species and contribute nearly half the landings in East China Sea, which have been explored heavily for decades. Total reported landings from the East China Sea increased from less than 1 to over 4.5 million tons from 1950 to the 2000s (Sea Around US project).
Ecopath with Ecosim
The Ecopath models covering different time periods were constructed for the ECSS (see Appendix in Electronic supplementary material for details). However, ecopath model can only describe static status of an ecosystem, while Ecosim is a dynamic suite which is able to simulate changes in ecosystems, which starts from the static Ecopath model driven by the forcing functions (Walters et al. 1997 in the ecosystem as functions of abundance of other functional groups and time-varying catch rates, taking into account predator-prey interactions and foraging behaviors (Christensen et al. 2005) . Ecosim is governed by the basic equations:
where dB i /dt represents the growth rate during the time interval dt of group (i) in terms of its biomass, B i , g i is the net growth efficiency, M i the non-predation natural mortality rate, F i is fishing mortality rate, e i is emigration rate, I i is immigration rate. Q ij is the consumption of group j organisms by group i organism, v and v 0 parameters represent rates of behavioral exchange between invulnerable and vulnerable states and a ij represents the rate of effective search by predator j for prey type i.
Forcing function for time-series simulation
Relative fishing effort was used as the forcing function (Fig. 2) . The catch data used here were mainly obtained from the Sea Around Us Project Database (SAUP 2004, http://www.Seaaroundus.org). The biological data were captured during the survey took placed from 1998 to 2001, which covered the whole area of the ECSS (survey location check Fig. 1 ). The different fishing fleets in the 1970s were integrated into one fleet when doing the time-series simulation due to the lack of detailed information on fishing fleets. Using 1970s model (Appendix) as the starting status, we used the fishing effort as the time-series forcing function to do the simulation to fit with time-series data. The fishing efforts were mainly consisted of trawl fishery and purse seine fishery (Liu and Liu 2004) . They were integrated using their percentage ratio based on the fishing effort statistics in the annual national fishery statistics .
Vulnerabilities
Ecosim employs a foraging arena theory to model the feeding behaviors and then to describe how the energy flows that affected by the predator-prey interaction within the ecosystem (Walters and Juanes 1993; Walters and Korman 1999; Walters and Martell 2004) . High value of vulnerability means the preys have more probability to be eaten by their predators.
Twenty most sensitive values of the vulnerabilities were searched by fitting the model with the time series, which were determined by Ecosim automatically, which were defined by changing each vulnerability parameter slightly (1%) then rerunning the model to see how much sum of square is changed. The search iteratively runs the simulation and evaluates the sum of squares, and then it varies the vulnerability parameter and runs the simulation again and looks to see how much the sum of squares has changed. Certain vulnerabilities have a greater impact on the sum of squares (sum of squares is evaluated over all the groups in the model that have time series). The algorithm tests every vulnerability parameter separately (i.e., every trophic linkage) and then tells at the end which were the 20 that had the greatest impact on the sum of squares which were considered as the most critical parameters in the model. In summary, it uses an iterative optimization algorithm to test each linkage independently-the response variable evaluated is sum of squares evaluated over all groups in the model that have time series, and over all simulation years.
The foraging arena theory defines that the probability of an organism to expose to predation risk or to forage safely in its shelter is reflected by a vulnerable coefficient. However, this essential vulnerable coefficient, vulnerability, has never been clearly defined in the user menu. In the version 4, vulnerability is scaled to range from 0 to 1, with ); EE, ecotrophic efficiency; P/Q, production/consumption; C, catch (t km
). Values in bold are estimated by the model 0.3 serving as default value for wasp-waist control, 0 implying bottom-up, and 1 implying top-down control; while in the version 5, vulnerability is scaled to range from 1 to infinity, with 2 serving as default value for wasp-waist control, 1 implying bottom-up, and infinity implying topdown control. Previous Ecosim publications had controversy in this vulnerable coefficient, for example, someone uses the default value; someone links the vulnerable coefficients with the trophic level of the species; while others use the model to estimate the vulnerable coefficients with no uncertainty considered.
According to Steneck et al. (2002) , the top-down controls and bottom-up controls may vary because of the development of predator-prey relationship. Therefore, the vulnerability, defined as an index of top-down controls and bottom-up controls, is hard to be determined. In this study, we assumed the vulnerability follows the discrete distribution with a large variation:
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where both d and c follow independent uniform distributions in [0, 1] . In this way, the vulnerability has similar probabilities fall into above 3 discrete intervals, indicating the ecosystem has the similar probabilities of being bottom-up control, top-down control, and wasp-waist control. Although lacking of the information, the above distribution presents our best understanding of the vulnerability.
The results of time-series simulation were output by Ecosim and were tested using modified Root Mean Square Error statistics (mRMSE) to see how good a fit the simulation results make to the observe data, which are estimated using the following equation, and the value of mRMSE could be compared between groups simulated and a smaller mRMSE indicated a better fit.
where Y i is the observed value of the catch of group i, P i is the predicted value of the catch of group i. n is the total number of functional groups.
Ecosystem indicators
No single indicator provides a complete picture of ecosystem state. Rather, a suite of indicators will be required, each focusing on different attributes, using different kinds of data, and spanning groups and processes with fast and slow dynamics.
(a) Kempton's Q (Q90) indices Q90 index, a variant of the Kempton's Q index developed by Kempton and Taylor (1976) , could be used to track the changes on biodiversity under different fishing strategies (Ainsworth and Pitcher 2006) . This index is determined between the 10th and 90th percentile from the slope of the cumulative functional group biomass curve (Eq. 6).
where S is the total number of functional groups; R 1 and R 2 are the biomass values of the 10th and 90th percentiles in the cumulative biomass distribution, representative. (b) Mean trophic level of fishery catch
Although mean trophic level of catches might depend on fishing patterns (Essington et al. 2006) , it has been considered an important ecological measure for evaluating the impacts of fishing on ecosystem (Pauly et al. 1998; Libralato et al. 2010) . The mean trophic level of fishery catch (TL c ) that resulted from the time-series simulation was calculated using:
where Y t is the total catch of year t, Y i is the catch of group i of year t, and TL i is the trophic level of group i of year t (Pauly et al. 1998) .
The fishing-in-balance (FIB) index was defined as:
This equation could be simplified to be Eq. 9 with the TE = 10%,
where TE is the mean Trophic efficiency (Pauly and Christensen 1995) and 0 refers to any year used as the baseline to normalize the index (here is year 1969) (Pauly and Watson 2005) . This definition implies that the FIB index:
• Increases ([0) if: either 'bottom-up effect occurs', or if a geographic expansion of the fishery occurs.
• Decreases (\0) if the fisheries withdraws so much biomass from the ecosystem that its functioning is impaired (Pauly and Watson 2005) .
(d) Other ecological indicators
Other ecological synthetic indicators were also calculated to evaluate the ecosystem dynamics through the long-term periods, which could provide a summary of the ecosystem characteristics and are robust to evaluating the impacts of fishing (Rochet and Trenkel 2003; Fulton et al. 2005 ; Libralato et al. 2010). These indicators included overall system flows and biomass for the food web, indicators based on their ratios, measures of connectance within the food web and transfer efficiency as well as ecosystem maturity (Odum 1969; Christensen et al. 2005; Libralato et al. 2010) . Table 1 listed the definition of these indicators and the abbreviation used in the following.
Results
Fitting the model to data Table 2 represented the inputs and outputs of the models of 1970s and 2000s. Simulations were implemented to incorporating uncertainty in the vulnerability ratio. By running the Ecosim for 1,000 times, the uncertainty associated with the vulnerability ratio can be reflected in the predicted catch. The predicted catch trends portrayed by 1,000 simulations were plotted against the observed landing data for some commercial fish species (Fig. 3) . The results of modified root mean standard error were also shown on the figures. Predicted catch trends from the model showed a statistically significant increase over time of almost all the groups, while a stabilizing state was shown for Flatfishes after the 1980s. The vulnerability values for the minimum SS (52.74) for the simulation were estimated and saved in Table 3 . Biomass and catch changes during the 32 year-simulation (384 months) were plotted in Figs. 4 and 5, respectively. Most demersal fish abundance had a huge decline during the 32-year simulation. The biomass and catch ratio between dermersal and pelagic fishes decreased over the simulation.
The Q90, TLc and FIB indices were estimated using the time-series simulation, which were used to evaluate the impact of fishing through the time period (Fig. 6) 1969 1977 1985 1993 3.0 3.4 3.8 1969 1977 1985 1993 1.30 1969 1977 1985 1993 1.05 1969 1977 1985 1993 0.72
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The indicators increasing with the increase of ecosystem maturity, such as Finn's cycling index (FCI), Finn's mean path length (FMPL) and overhead (O) decreased during the simulation period. Total primary production/total respiration (Tpp/TR), net system production (NSP), primary production/total biomass (PP/TB), ascendency (A) had increases of 85.9, 65.6, 25.9 and 10.5%, respectively, which also indicated the degradation of ecosystem development through the decades.
Discussion
In this study, using the relative fishing effort as the forcing function, the validity of the predictions from the ECSS model was supported by fitting the model with time-series of catch data. The sensitivity of vulnerability values in time-series simulation was also investigated. Twenty most sensitive vulnerabilities were determined by Ecosim time-series simulation, which did have strong impacts on the variation of simulation results. Through the catch trends of some groups simulated showed quite robust to the changing values of vulnerabilities, the low mRMSE value of simulated catch of the most functional groups and low SS (Sum of Squares) of fit in time-series simulations indicated the good prediction results of the model. Thus, the vulnerabilities of the minimum SS value estimated in this study could be available for evaluating alternative ecosystem-based management strategies (CH. Ainsworth, UBC Fisheries Centre, 2202 Main Mall, Vancouver, personal communication, 2009 .
Overfishing is responsible for a wide variety of impacts on ecosystem communities. These include the modification of population structures and the imposition of stress conditions that force ecosystems to adapt to their changing environments (Watson and Pauly 2001; Myers and Worm 2003; Pauly and Watson 2005) . Pauly et al. (1998) explained that ''fishing down the food web'' was a symptom of ecosystem deterioration when fish species of high trophic levels were overexploited and the fishery serially moves to species at the lower trophic level. The mean trophic level of the species groups reported in the fisheries statistics of the Food and Agricultural Organization declined from 1950 to 1994 in the face of overcapitalization and excess fishing effort (Pauly et al. 1998; Branch et al. 2010) . The sign of fishing down the food web as well as fishing through the food web was also observed in the ECSS. Though the decline in abundance of most fish groups, especially the demersal species, was observed in the results of simulation, the magnitude of decrease in biomass of demersal fishes was much large than the scale decrease of pelagic species. The ecosystem had progressed toward being more pelagic-dominated from the demersaldominated system. The mean trophic level in catch decreased consistently with the decrease of fish biomass and the increase of the dominance of low trophic level organisms. This coincides with the decreasing trends in the diversity index of Kempton Q90 index and highlighted the decrease in abundance of various high TL organisms. This previously documented pattern, in combination with many other results of the present study, reflects the depletion of large predatory and gradual replacement of the K-selected species by the r-selected species (Coll et al. 2006 (Coll et al. , 2008 .
The increase of flows to detritus had been previously suggested as an indicator of disruption in energy transfer from lower to higher trophic levels (Walsh 1981 1985; Shannon et al. 2009 ). In the ECSS, flows to detritus increased by 26.5% from 1969 to 2000, indicating that the transfer of flow from lower to higher trophic levels decreased due to the ecosystem simplification, which results in a less efficient use of the system's energy, and overexploitation of the food web. These results were constant with the results observed by Zhang et al. (2006) and Xiong et al. (2010) .
In addition, The Finn's cycling index (FCI) is defined as the recycled fraction of an ecosystem's throughput, which was shown to be an indication of the recovery time of the ecosystem by developing routes for nutrient conservation (Finn 1976 (Finn , 1980 Vasconcellos et al. 1997) . In Ecopath, it is defined as the part of the total flows (Christensen et al. 2005) . The Finn's mean path length (FMPL) is similarly related to the recovery time of the ecosystem (Vasconcellos et al. 1997) . The decrease of FCL and FMPL during the simulation period also implied the degeneration of the ecosystems.
Ascendency (A) and overhead (O) consisted the capacity of the ecosystem, which represented the network' potential for competitive advantage over other net work configurations and the system's reserved strength after the unexpected perturbations, respectively (Odum 1969; Christensen 1995) . Thus, a system with high ascendency will be highly developed and a system with high overhead is more resilient and has strength in reserve (Heymans and Ulanowicz 2002; Heymans et al. 2004 ). In our case, the ascendency (A) increased and the overhead (O) decreased during the simulated time period, which also indicate the degradation of ecosystem maturity and stability. According to Christensen (1995) , total primary production/total respiration (Tpp/TR) is defined as the potential net primary production used in the ecosystem and in a mature and stable ecosystem, its value should be close to 1. Net system production (NSP) and primary production/total biomass (PP/TB) should be decreasing in developing ecosystem based on the ecosystem stability theory of Christensen et al. (2005) , while in the ECSS, these increased indicators through decades suggested the successional development of the system occurs in reverse.
Results obtained through the application of a trophodynamic process-oriented model with Ecosim had proved that the successional development of the system occurred in reverse by the dynamic simulation. The results also suggest that intense fishing activity during the period from 1969 to 2000 in the ECSS might be an important driver for the structural and functional changes in the marine ecosystem. Important changes in the ecosystem included a change in the biomass of several commercial and non-commercial species (observed and predicted by the model). The decrease of the mean trophic level of the landings and of biomass diversity and the increase of total flow to detritus are signs of the ecosystem changes in the East China Sea from 1969 to 2000. These results are consistent with the available information, and they point to a pattern of ecosystem degradation mainly due to high fishing activity (Chao et al. 2005) . However, the fishing closure started from 1995 may have positive impacts on the ecosystem recovery.
Though this is the first shot taken on the uncertainty analysis on time series simulation using Ecosim, it is still a preliminary study and needs a lot of improvement. Like most studies of similar nature, deficiencies in available biological and fisheries data might influence the quality of this study. Part of the variations in the data could not be explained by the model, which might result from errors in data and, lack of consideration of environmental variables, and process errors. Another deficiency of this work is the only using catch data time series simulation instead of using both the biomass and catch data, which result from the lack of survey data. However, overall, the model developed in this study can provide realistic predictions of ecosystem dynamics and can be used as a reference model for evaluating alternative management strategies for the ECSS ecosystem. The approach developed in this study to incorporating uncertainty in one of the most important parameters, vulnerability, can be applied to modeling of dynamics of other ecosystems. Dai TY (2004) Percentage of change Fig. 7 The comparison of the total system properties between the 1970s model and the derived 2000s model of ECSS ecosystem (mean value). Q, sum of consumption; TR, sum of all respiratory flows; FD, sum of all flows into detritus; TST, total system throughput; TLc, mean trophic level of the catch; NPP, calculated total net primary production; Tpp/TR, total primary production/total respiration; NSP, net system production; PP/TB, total primary production/total biomass; SOI, system omnivory index; FCI, Finn's cycling index; FMPL, Finn's mean path length; A, ascendency; O, overhead
